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ABSTRACT
MicroRNAs (miRNAs) constitute an important class
of regulators that are involved in various cellular and
disease processes. However, the functional signifi-
cance of each miRNA is mostly unknown due to the
difficulty in identifying target genes and the lack of
genome-wide expression data combining miRNAs,
mRNAs and proteins. We introduce a novel data-
base, miRGator, that integrates the target predic-
tion, functional analysis, gene expression data and
genome annotation. MiRNA function is inferred from
the list of target genes predicted by miRanda, PicTar
and TargetScanS programs. Statistical enrichment
test of target genes in each term is performed for
gene ontology, pathway and disease annotations.
Associated terms may provide valuable insights for
the function of each miRNA. For the expression
analysis, miRGator integrates public expression
data of miRNA with those of mRNA and protein.
Expression correlation between miRNA and target
mRNA/proteins is evaluated and their expression
patterns can be readily compared. Our web imple-
mentation supports diverse query types including
miRNA name, gene symbol, gene ontology, pathway
and disease terms. Interfaces for exploring common
targets or regulatory miRNAs and for profiling
compendium expression data have been developed
as well. Currently, miRGator, available at: http://
genome.ewha.ac.kr/miRGator/, supports the human
and mouse genomes.
INTRODUCTION
MicroRNAs (miRNAs), a family of small noncoding
RNAs of 22nt in length, constitute an important
class of regulators that are involved in diverse cellular
processes such as developmental control, apoptosis, cell
diﬀerentiation and proliferation (1). They are also
implicated in various disease processes thus emerging as
potential targets of therapeutic intervention (2,3).
Signiﬁcant eﬀorts have been made to identify miRNAs
and their target mRNAs during last several years. Sanger
Institute’s miRBase serves as the central depository
of miRNAs that are experimentally validated (4). The
current release, version 10.0, contains over 5000 miRNAs
from various organisms including 533 human and 442
mouse miRNAs. However, the function of each miRNA is
mostly unknown except a few miRNAs so far, and diverse
experimental and computational approaches are being
applied to elucidate their functional signiﬁcance (5,6).
MiRNAs are involved in the regulation of protein
expression primarily by binding to one or more target sites
on an mRNA transcript and inhibiting translation. Thus,
identiﬁcation of target mRNAs is of utmost importance
aspect in understanding miRNA function. Computational
prediction of target genes in animal has proven challen-
ging mainly due to imperfect base pairing and the limited
length of binding sites (7). PicTar (8) and TargetScanS (9)
are two prominent programs that utilize cross-species
conservation and the near-perfect complementarity
between the 5’ seed region of miRNA and the binding
sites of target mRNA for the prediction of target mRNAs.
Their genome-wide analysis results are available in the
UCSC genome browser database (10). Also of utility is
Tarbase which is a manually curated collection of experi-
mentally tested miRNA targets in eight organisms (11).
Recent databases on miRNAs tend to combine the
compilation of miRNA with target prediction modules.
miRBase has added the target prediction feature as well
using the miRanda algorithm (12). Argonaute provides
compiled information on miRNAs of human, mouse and
rat (13). miRNAMap oﬀers an enhanced interface for
known and predicted miRNAs (14). Argonaute and
miRNAMap provide the expression proﬁles of known
miRNAs although the coverage to date is rather limited.
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features (15). It supports more organisms, diverse types of
gene id, and most of the leading target prediction
programs including miRanda, PicTar, TargetScanS,
DIANA-microT (16). A unique interface allows users to
ﬁnd the clusters of miRNAs at any interval of
chromosomes.
Still, the current state is that most databases available
in public so far are simple collection of miRNA-related
information such as miRNA itself and target binding. No
systematic approach has been made for functional
interpretation of miRNA targets. Even though several
databases include expression information of miRNAs,
the coverage is quite limited, failing to integrate most of
the high-throughput experimental results (11,13).
Here, we introduce an integrated database and web
interface for functional annotation of miRNAs that
encompasses expression, function, pathway, disease
terms as well as miRNA targeting. Three prediction
programs (miRanda, PicTar and TargetScanS) are used
for target prediction and their result may be combined in a
Boolean logic.
Mechanistic understanding of miRNA functions has
relied on the properties of a single key target gene in a
regulatory or signaling pathway so far. However, since an
animal miRNA is expected to target several hundred genes
on average (9), it is possible that a single miRNA targets
several genes of related functions. Even though it remains
to be determined whether or not simultaneous targeting of
related genes is the norm and provides a coordinated
control mechanism as often seen in the transcriptional
regulation, functional relationship between target genes is
certainly valuable information in exploring functional
signiﬁcance of each miRNA. In this context, miRGator
provides a utility for statistical enrichment test of miRNA
targets in a number of annotation categories such as the
gene ontology (GO) function (17), GenMAPP and KEGG
pathways (18,19), and various diseases.
Expression proﬁle of miRNAs is an important part of
functional annotation and we imported the miRNA-
related expression data from the gene expression omnibus
(GEO) database (20). Several reports have described
correlated expression of miRNAs and their target genes
(21,22). Expression pattern of each miRNA can be readily
compared with that of target mRNAs and proteins.
Importantly, expression correlation between two types of
data is also calculated as an estimate for the eﬀect of
miRNA binding. Reciprocal expression pattern between
miRNA and mRNA/protein can be an indirect evidence
of miRNA targeting. Web implementation supports
diverse workﬂows that include search by miRNA(s) or
target gene(s), search by functional categories and
expression proﬁling of miRNAs in GEO. miRGator thus
serves as a comprehensive resource for exploring func-
tional aspects of miRNAs.
IMPLEMENTATION AND DESIGN
Overview and design principle
Figure 1 shows the overview of database integration,
analysis ﬂow and web implementation of miRGator.
Functional analysis begins with target prediction. We
used the miRanda, PicTar and TargetScanS programs
whose genome-wide predictions can be downloaded from
Figure 1. Schematic overview of miRGator system.
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tracks. The lists of target mRNAs are tested for statistical
over-representation in any functional nodes using hyper-
geometric distribution of Fisher’s exact test. Implemented
functional categories include the GO, KEGG/GenMAPP/
BioCarta pathways (18,19) and disease ontology of
Ingenuity Pathway Analysis.
Since gene expression is an important part of functional
annotation, we integrated various miRNA-related expres-
sion data from the GEO database and built a compen-
dium of miRNA expression data in a similar fashion to
the Oncomine cancer proﬁling database (23). Each data
set was analyzed for diﬀerentially regulated miRNAs after
quantile normalization. Simple interface was developed to
visualize the expression proﬁle of miRNAs and to address
the issue of diﬀerential regulation in various situations.
Prediction of target transcripts often yields false targets
even with the state-of-the-art algorithms due to imperfect
base pairing and the short length of binding sites.
Examining expression correlation of miRNA and the
predicted target mRNAs/proteins may provide clues of
genuine targeting or indirect regulation. We collected
genome-wide expression data of miRNA, mRNA and
protein for matching tissues/samples and evaluated the
expression correlation coeﬃcients for all miRNA–target
pairs.
MicroRNA binding to target mRNA, a bipartite
relationship in graph theory, is represented as a
‘miRNA–target mRNA table’ whose element is the
number of binding sites. Advantages of table representa-
tion become obvious when multiple miRNAs and target
genes are simultaneously examined. For example, co-
regulation by multiple miRNAs can be easily explored by
examining common targets. Candidate regulatory
miRNAs can be obtained by providing list of genes
from pathway databases or from microarray clustering
results.
The concepts of miRNA targeting, functional enrich-
ment analyses and expression correlation are closely
related subjects. We built an integrated module with
diverse biological questions into consideration as
described in later section. All results are pre-calculated
and stored in the database to speed-up the response.
Data sourcesand methods
Many databases of diverse characteristics are closely
integrated in miRGator as listed in Figure 1. Summary
of the target prediction programs is given in Table 1. Note
that the degree of cross-species conservation is diﬀerent
between programs. The UCSC genome maps of the NCBI
Build 35 (hg17) and the NCBI Build 35 (mm7) were used
for the human and mouse genomes, respectively. Genome-
wide prediction results from the PicTar and TargetScanS
programs were obtained from the UCSC genome browser
database. Target genes from miRanda 4.0 were obtained
from the miRBase website where the most up-to-date
information were available. Downloaded targets on the
current genomes (hg18 and mm8) were lifted back to the
previous genomes (hg17 and mm7), which substantially
increases the miRNA coverage.
Genome annotation data, mapping genes to nodes of
functional classiﬁcation system, were collected from
various resources. Gene-to-GO mapping was achieved
by combining the UCSC kgXref table (known gene to
UniProt ID) and GOA association table (UniProt ID
to GO nodes) from the GO web site (10,24). Genes in the
KEGG/GenMAPP/BioCarta pathways were obtained
from ArrayXPath database (25). IPA’s gene to disease
mapping from Ingenuity Systems was used to test disease
enrichment of miRNA targets. IPA’s disease classiﬁcation
system consists of more than 7000 terms organized in
three hierarchical levels of depth.
Expression data for correlation study are based on two
major sources. Hughes and coworkers (26) generated a
series of genome-wide expression data for mouse genome
using homogeneous samples. MiRNA microarray data are
available for 78 miRNAs in 17 tissues. Their mRNA
expression data cover 55 tissues (27) and the proteomic
data include 4768 proteins in six organs (28). As for the
human genome, Golub and coworkers published expres-
sion proﬁle of mRNA and 217 miRNAs in 334 samples
(3,29). No global proteomic data in multiple tissues are
available for human to the best of our knowledge, and we
simply compared the expression proﬁles of miRNA and
mRNA. Thus, the expression correlation analysis for
mouse covers miRNA, mRNA, and proteins, whereas
Table 1. Statistics for various target prediction methods
Human (hg17) Mouse (mm7)
miRanda PicTar-4way PicTar-5way TargetScanS miRanda PicTar-dog PicTar-chicken
Number of miRNAs 470 179 131 139 375 269 249
Number of target genes 15274 9152 3455 7709 14768 6550 1492
Number of binding sites 284714 154894 28870 22837 241791 106022 8354
Average number of target genes per miRNA 32.5 51.1 26.4 55.5 39.4 24.3 6.0
Average number of binding sites per miRNA 606 865 220 164 645 394 34
Average number of binding sites per gene 18.6 16.9 8.3 3.0 16.4 16.2 5.7
Note: Cross-species conservation for each prediction method:
miRanda (version 4.0): conserved in at least two species
PicTar-4way: conserved in 4 species (human, mouse, rat, dog)
PicTar-5way: conserved in 5 species (human, mouse, rat, dog, chicken)
TargetScanS: conserved in 5 species (human, mouse, rat, dog, chicken)
PicTar-dog: conserved in 7 species (mouse, rat, rabbit, human, chimp, macaque, dog)
PicTar-chicken: conserved in 13 species (7 species+cow, armadillo, elephant, tenrec, opossum, chicken).
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We also built a compendium of miRNA expression
data. Twelve miRNA-related datasets (566 samples) were
downloaded from the GEO database. Proper normal-
ization process would ideally take the unique features/
characteristics of dataset into consideration. Analyzing
compendium datasets, however, requires a uniform
normalization procedure for convenience in implementa-
tion. We used the quantile normalization that performed
best in the Aﬀymetrix arrays (30) since most miRNA
microarrays are single channeled (3). Each dataset was
manually examined to set up 106 two-class comparison
studies to ﬁnd diﬀerentially expressed miRNAs in various
situations. Seven studies compared cancer and normal
tissues for bladder, breast, colon, eye, kidney, lung and
uterus. Most other studies were designed to ﬁnd the tissue-
speciﬁc or cell-type-speciﬁc miRNAs.
USER INTERFACE
Target–function–expression module
This is the main interface of miRGator for examining
target genes, inferred functions and the correlated expres-
sion through target prediction. Available target prediction
methods and statistics are summarized in Table 1. Default
choice is miRanda 4.0 from the miRBase since it covers the
most recent compendium of miRNAs. Other methods are
rather outdated with lower coverage (genome-wide
calculation performed almost 2 years ago) but their
target sites are conserved in more species, which may be
of help in ﬁltering out false positives. Average number of
target genes and binding sites in Table 1 would be helpful
in estimating reliability of prediction methods.
Each method produces a diﬀerent list of target genes
and it is often desirable to compare the contents. We
support the Boolean combination of target gene lists from
diﬀerent methods. Since the miRNA coverage and the
extent of conservation are diﬀerent among prediction
methods, we constructed a target summary table that
showed the number of target genes for all miRNAs
according to the prediction methods. This table can be
used to pre-examine the number of target genes before
actual query. Clicking on each number in the table opens
up the list of target genes for the prediction method of
choice.
The main search can be initiated either with miRNA(s)
or with target gene(s). Figure 2 is the collection of
screenshots from the target–function–expression module.
It consists of three major parts of miRNA–target mRNA
table, functional enrichment analysis of target genes, and
expression correlation analysis of target genes. Search
result is always displayed in the miRNA–
target table format where the number of binding sites is
indicated. Clicking on each number in the table leads to
the detailed information on target binding and the
expression correlation pattern for corresponding
miRNA–mRNA pair. We support sorting target
mRNAs according to the number of binding sites, which
would allow users to concentrate on mRNAs with
multiple binding sites preferentially. Another advantage
is that common target genes of multiple miRNAs can be
easily recognized in this miRNA–target mRNA table.
Input of multiple genes can be used to ﬁnd the
regulatory miRNAs for the given set of genes. If genes
belonging to a speciﬁc biological pathway are provided as
an input, miRNAs with multiple target genes within the
pathway of interest may be identiﬁed. Similar approach
can be applied to ﬁnd the regulatory miRNAs for gene
clusters obtained from mRNA expression proﬁling.
Functional enrichment analysis of target genes can be
performed in three categories—GO, pathway and disease
terms. Simple hypergeometric test of over-representation
in each term was carried out for all terms in GO, pathway
and disease classiﬁcation systems. The output page
summarizes the signiﬁcant nodes for a given P-value,
which can be sorted according to various criteria. Our
pathway analysis includes the KEGG, GenMAPP and
BioCarta pathway databases. Disease classiﬁcation of the
Ingenuity systems Inc. was used to test disease implica-
tions. Since all calculations are pre-computed and stored
in the database, the search for miRNAs whose target
genes are statistically enriched in speciﬁc terms is also
possible. A separate module of ‘miRNA with inferred
function’ is provided to look for the miRNAs with
inferred functions in all three functional categories. Our
web implementation supports any node id in the GO
classiﬁcation and all pathways. As for the disease search,
we support 29 representative terms only.
Expression correlation analysis of target genes gives
a table of correlation coeﬃcients between miRNA and
target mRNA as well as miRNA and target protein if the
data are available. Reciprocal expression pattern is
expected for genuine targets and the pairs of high
correlation between miRNA and apparent non-targets
may indicate indirect targeting. Target genes can be sorted
according to the correlation coeﬃcients in descending or
ascending order. Link to detailed information on target
binding and correlated expression pattern is also provided
for each miRNA–mRNA pair.
MicroRNA expression profilingmodule
The purpose of miRNA expression proﬁling module is to
visualize miRNA expression and to obtain information on
diﬀerential regulation in various situations. We performed
106 comparisons from 12 GEO experiments. Simple query
of miRNA, tissue/organ name, or disease yields a list of
relevant comparison studies. Once miRNA and compar-
ison study are speciﬁed, expression pattern of miRNA
across the samples in the study can be displayed as a bar
or box plot.
Searches other than miRNA allow the user to access the
list of diﬀerentially regulated miRNAs in various situa-
tions. Comparison studies were classiﬁed into subgroups
according to its purpose. Current implementation sup-
ports searches for diﬀerentially regulated miRNAs in 24
tissues/organs and 28 cell types. Comparing expression
conditions consists of four types of cancer versus normal,
cancer versus cancer, chemical treatment and others. For
example, current dataset of comparing cancer versus
D162 Nucleic Acids Research, 2008, Vol. 36, Databaseissuenormal tissues supports seven tissues including bladder,
breast, colon, eye, kidney, lung and uterus.
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